INTRODUCTION
Mortality predictive models incorporating objective clinical data enhance clinical validity. With the deployment of electronic health record (EHR) systems, clinical data, especially numeric laboratory data, are becoming widely automated. Rapid assessment of clinical severity using EHR data available at the time of admission may aid decision support and improve healthcare quality. Previous studies have demonstrated that laboratory data contribute most to predicting mortality in hospitalized patients in both disease-specific and generic models in the US patient population. [1] [2] [3] [4] [5] [6] Studies from other countries have also demonstrated the high predictive value for laboratory data. [7] [8] [9] The disease-specific risk adjustment model is developed for patients with specific clinical conditions (eg, pneumonia, septicemia, heart failure, acute myocardial infarction). [4] [5] [6] Although disease-specific models are commonly used for outcome studies and hospital profiling, their application is limited to high-volume clinical conditions, while low-volume clinical conditions are less studied. Furthermore, disease specific models usually rely on discharge principal diagnosis for disease classification, which limits real-time applications because discharge diagnoses are not available until after patients are discharged from the hospital.
The generic approach generates one predictive model for all pertinent patients, such as all patients admitted to intensive care units (ICUs). For example, the Acute Physiology and Chronic Health Evaluation (APACHE IV) and Simplified Acute Physiology Score (SAPS) are developed and applied to all patients admitted to ICUs. 1 2 A newer generic model, the Laboratory-based Acute Physiology Score (LAPS), and the COmorbidity Point Score (COPS), were developed for all patients admitted to acute-care hospitals, 3 and used outpatient laboratory data from the 24 h preceding the index hospitalization and diagnosis data from the 12 months preceding the index hospitalization as predictor variables. This requires highly integrated inpatient and outpatient electronic systems, which are currently less available than inpatient data only. Furthermore, studies incorporating classification of clinical conditions as covariates in the model tend to use proprietary classification systems, which are not in the public domain. 2-4 6 The objectives of our study were twofold: (1) use EHR data available at the time of inpatient admission to develop an Acute Laboratory Risk of Mortality Score (ALaRMS), to serve as a potential real-time decision support tool for patients admitted to acute care hospitals; and (2) add administrative data available after patient discharge to the ALaRMS model to serve as a risk adjustment tool for retrospective inpatient outcome studies. To facilitate the standardization, reproducibility, and public access, we used the clinical classification algorithms of diagnoses in the public domain by the Agency for Healthcare Research and Quality (AHRQ). 10 
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METHODS Data
We used one of the clinical research databases from CareFusion (San Diego, California, USA (formerly Cardinal Health/MediQual/MedisGroups)). This database has been used for research since the late 1980s and the data collection system has been fully described elsewhere. 4 6 12-19 We used data from the EHR systems of 70 hospitals for all consecutively (PT INR) , platelets, and white blood cell count (WBC)); arterial blood gas (partial pressure of carbon dioxide (PCO2), partial pressure of oxygen (PO2), and pH value); cardiac markers (brain natriuretic peptide (BNP), creatine phosphokinase MB (CPK MB), pro-BNP, and troponin I). The database also included imported hospital administrative data comprising demographics, discharge disposition (which identifies inpatient mortality status), principal diagnosis, and up to 24 secondary diagnosis codes from the index hospitalization. We used discharges in 2006 and 2007 as the derivation cohort and discharges in 2008 as the validation cohort. A total of 95% of patients had laboratory data on the day of admission for both cohorts. For patients with multiple laboratory assessments on the admission day, we used the first reported value.
Model development and validation
Step 1: develop and validate ALaRMS
We fit a logistic regression model using age, gender, and the first laboratory test results on the day of admission as candidate predictor variables and inpatient mortality as the outcome variable. We partitioned age into 5-year increments with age <30 years as the reference group. We partitioned each laboratory variable into multiple discretion levels based on the distribution of laboratory values and their associated mortality rates, and designated the laboratory range associated with the lowest mortality rate as the reference group. We examined mortality rates for patients with missing values for each laboratory assessment and collapsed them into the corresponding reference group because their observed mortality rate was most comparable with that of the reference group.
We converted the final laboratory model to an integer score system (ALaRMS) using a method described in the Framingham Study. 20 Specifically, we identified the variable with the smallest coefficient in the final multivariable model and applied it as the denominator. Then we divided each of the remaining regression coefficients in the model by this denominator and rounded the resulting quotient to the nearest whole number (integer), which formed the score weight for that variable. We then calculated each person's overall risk score by summing the points across all variables present. Converting model coefficients into a score system makes the risk adjustment model easy to understand and implement. We validated the ALaRMS using the validation cohort.
Step 2: fit ALaRMS+CCS+CS model
We summed all applicable laboratory points into a single ALaRMS value for each patient, and then fit a logistic regression model with the stepwise approach. We used the ALaRMS score as a continuous candidate variable along with candidate covariates of principal diagnosis-based clinical categories and secondary diagnosis-based comorbidity categories. We adopted AHRQ's clinical classification software (CCS) 11 and comorbidity software (CS) 10 as standard classification tools. The CCS collapses over 14 000 ICD-9-CM diagnosis codes (International Classification of Diseases, 9th revision, Clinical Modification) into 285 clinically meaningful categories. The CS grouped selected secondary diagnosis codes into 30 comorbidity categories.
Step 3: validate ALaRMS+CCS+CS model
We validated the ALaRMS+CCS+CS model using the validation cohort. Specifically, we used the ALaRMS+CCS+CS model coefficients generated from the derivation cohort to score the validation cohort. We used the c-statistic and the Hosmer-Lemeshow statistic to evaluate the model fit.
Analysis on the relative importance of ALaRMS versus CCS and CS variables
We calculated the relative unique contributions of ALaRMS, CCS, and CS using methods described in previous research. 2 3 6 Specifically, we calculated changes in the model fit log likelihood value when each group of variables was retained and then removed from the full model.
To further evaluate the relative importance of ALaRMS versus CCS and CS variables in the mortality predictive models, we conducted the following additional analyses: (1) we fit four individual models using age and gender alone, laboratory variables alone, CCS alone, and CS alone, and compared the c-statistics; (2) we compared the cumulative change in the c-statistics by reversing the order of ALaRMS and the CCS and CS variables; (3) and we conducted integrated discrimination improvement (IDI) analysis, which assesses the new model's ability to improve the integrated sensitivity without sacrificing the integrated specificity. 21 
Sensitivity analysis
To test whether our model could be applied to different types of patients, we conducted sensitivity analyses on model fit to different subgroups by patient age, medical versus surgical status, hospital teaching status, number of beds, and urban-rural status.
All analyses were conducted using SAS V.9.01. The study was approved by the New England Institutional Review Board/ Human Subjects Research Committee (Wellesley, Massachusetts, USA) and conducted in compliance with the Health Insurance Portability and Accountability Act (HIPAA), and the Helsinki Declaration.
RESULTS
Patient characteristics
The derivation cohort comprised 1 428 824 discharges and 34 147 deaths (2.4% mortality rate) (table 1). Median age was 63 (IQR: 45, 78), and 58.9% were women. Approximately 83.6% were white, 7.9% were black, and 8.5% were other race/ ethnicity. For payers, 37.7% were Medicare, 8.7% were Medicaid, and the rest (53.6%) were private or other payers. Approximately 64.1% of discharges were from teaching (n=36) and 35.9% were from non-teaching (n=34) hospitals; 52.6% of discharges were from small and medium (bed size ≤300) and 47.4% were from large hospitals (bed size >300); 83.9% were from urban and 16.1% were from rural hospitals. The validation cohort comprised 770 523 discharges and 18 456 deaths (2.4% mortality rate), with similar patient characteristics.
ALaRMS model
Age was a significant mortality predictor (table 2) . Compared with patients aged less than 30 years (reference age group with OR of 1.00 and risk point weight of 0), patients aged between 30 and 35 had a moderate increase in mortality risk (3 points), and patients aged between 35 and 39 old had a steep increase in mortality risk (10 points). Thereafter, the mortality risk increased 2-4 additional points consecutively for every 5-year increment.
The laboratory covariates with the highest mortality impact (risk scores ≥10; approximate ORs ≥2) were albumin ≤2.4 g/dL, pro-BNP >18 000 pg/mL, BUN >55 mg/dL, arterial pH ≤7.2, arterial pH 7.21-7.30, arterial pH 7.31-7.35, PO2 ≤50 mm Hg, PO2 >140 mm Hg, bands >32%, platelets ≤115 000 cells/mm 
ALaRMS+CCS and CS model
In addition to the ALaRMS variables, the logistic regression model yielded 35 CCS and 9 CS significant covariates (table 3) . Every point increase in ALaRMS score resulted in an approximately 6% increase in mortality risk (OR 1.057; 95% CI 1.056 to 1.058). The principal diagnosis-based CCS variables with ORs >2.00 included cardiovascular disease, major organ, hematologic, or metastatic cancers, brain or multiple traumas, and severe infectious diseases (eg, septicemia, HIV). Only one secondary diagnosis-based comorbidity variable (metastatic cancer) in the CS had an OR >2.00. Adding CCS and CS variables increased the model c-statistic from 0.87 to 0.91. When the ALaRMS+CCS and CS model coefficients were applied to the 2008 validation cohort, the model c-statistic was 0.90. The model exhibited good calibration for both the derivation and validation cohorts (figure 1B).
Analysis on the relative importance of ALaRMS versus CCS and CS variables
The relative contributions to the model predictive ability were 69% for ALaRMS, 25% for CCS, and 6% for CS. The cstatistics were 0.704 for model with age and gender variables alone, 0.843 for laboratory variables alone, 0.776 for CCS variables alone, and 0.713 for CS variables alone.
The c-statistic improved from 0.838 to 0.907 when ALaRMS was added to the CCS and CS model (table 4) . In contrast, the c-statistic improved from 0.868 to 0.907 when CCS and CS variables added to ALaRMS.
The IDI analysis revealed that adding ALaRMS on top of CCS and CS variables improved the IDI by 127% (95% CI 122% to 133%) (table 4). In contrast, adding CCS and CS variables on top of ALaRMS only improved the IDI by 22% (95% CI 19% to 25%).
Sensitivity analyses on model applicability to subgroups of patients
The ALaRMS+CCS+CS model exhibited excellent discrimination for age, teaching status, size (number of beds), location, and medical versus surgical subgroups (table 5) . The c-statistic for all subgroup analyses ranged from 0.86 to 0.94 and the calibrations were good (figure 2).
DISCUSSION
Using over 2 million discharges from the EHR systems with numeric laboratory results, we demonstrated that the laboratory results obtained first on the day of admission can generate a clinically valid mortality predictive model with excellent predictive ability (the c-statistic of 0.87). ALaRMS may have utility for real-time decision support because it uses only EHR data available at the time of admission. The large sample size enabled precise parameter estimates as indicated by narrow CIs. We further demonstrated that AHRQ's standard principal diagnosis-based classification For retrospective outcome studies and benchmarking, a valid risk adjustment model enhances clinical validity. The ALaRMS plus CCS and CS model minimizes potentially unfair risk adjustment due to up-, under-, or mis-coding. Since the ALaRMS score carries the largest proportion of the total weight in the risk adjustment model, which is consistently demonstrated in cstatistic, log likelihood, and IDI analysis, it would be desirable to incorporate it into the risk adjustment strategies. This would represent another meaningful use of information technology in the healthcare settings.
Laboratory data are quantitative, providing more precise and graded information on clinical severity. The graded relationship between degree of abnormality of the laboratory measures and risk of mortality is not captured with diagnosis code-based dichotomous variables, even when these diagnosis codes are coded accurately. This explains in part the robust finding that the laboratory and physiology data contribute most to the predictive ability of the model in disease-specific and generic mortality predictive models among inpatient and ICU patient populations.
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Laboratory results are parsimonious and potentially costefficient as relatively few laboratory test results (23 in our ALaRMS model) are needed to assess the major organ/system functions that keep patients alive. The objective, quantitative, and parsimonious nature of numeric laboratory data exhibited high predictive ability as shown in the ALaRMS model. Although not directly comparable, the ALaRMS model's c-statistic of 0.87 represents higher model discrimination than the c-statistics of 0.70, 0.71, and 0.72 achieved by the congestive heart failure, acute myocardial infarction, and pneumonia models derived from administrative claims that are currently used by the Centers for Medicare and Medicaid Services (CMS) in the USA for the Hospital Compare website. [22] [23] [24] Nevertheless, it should be emphasized that our model predicted inpatient mortality and the CMS models predicted 30-day mortality, hence the absolute cstatistic is not directly comparable. Our full model (ALaRMS +CCS and CS) achieved a c-statistic of 0.91, which is slightly higher than the c-statistic of 0.88 previously reported in a risk adjustment model using pre-admission laboratory and administrative data for inpatient population. Value of using standard clinical classification system in the public domain
Adopting a standard clinical condition classification system is critical because it allows for public access, enables future validations using different datasets, and offers opportunities to further improve the risk adjustment model through refinement of the laboratory score algorithms and code-based clinical condition classification system. The AHRQ's CCS has undergone multiple revisions and is updated annually to reflect ICD-9-CM updates, 11 and is perhaps the most feasible clinical classification system available to the public.
Principal diagnosis-based groups are especially important for a generic risk adjustment model because general patient populations are heterogeneous. As in our model, patients with principal diagnoses ( primary reason for the index hospitalization) of major acute clinical conditions of vital organs/systems (eg, Among secondary diagnosis-based comorbidity variables, metastatic cancer carried the highest independent risk of mortality. Other comorbid conditions tended to be either statistically insignificant or carry less independent weight because they are likely accounted for by ALaRMS physiology parameters. The less-prominent contributions of secondary diagnosis-based comorbid conditions are consistent with previous risk adjustment models that incorporated physiology data.
1-4 6
Limitations
Our study has limitations. First, although our dataset comprised over 2 million discharges from 70 hospitals from the northeast region, it is not geographically representative of the US patient population. Further validation of this model is needed when data from a more representative patient population become available in the future. Second, we did not include vital sign and altered mental status data in the physiology risk score because our goal was to develop a model using only data that are currently widely available in hospital EHR systems. Inclusion of vital signs and mental status requires incorporating nursing notes or other more complex electronic medical records systems, which are not as widely available as numeric laboratory data in acute-care hospital settings. At the time when vital sign and mental status data are widely captured electronically across hospitals, it would be important to incorporate them into the physiology score because of their clinical face validity. Third, we did not incorporate AHRQ's procedure groups in our model because many of the procedures are diagnostic in nature. For procedure groups indicating treatment, it is not possible to distinguish whether a treatment procedure was implemented early at admission as planned or at a later hospital stay after patients Figure 2 Hosmer-Lemeshow calibration plot for subgroup patients: (A) age 65 or older versus age younger than 65; (B) discharges from teaching versus non-teaching hospitals; (C) medical versus surgical discharges; (D) discharges from large (>300 beds) versus small/medium-sized (≤300 beds) hospitals; (E) discharges from urban versus rural hospitals.
possibly developed complications. The latter should not be included as a risk adjustor because it would give credit (higher expected mortality rates) to hospitals with potentially substandard care if they have more potential complications requiring procedural treatments after admission. On the other hand, omitting procedure categories is unlikely to have a large impact on the model predictive ability because planned treatment procedures would likely be correlated with principal diagnosis categories. For example, patients receiving cardiac operations would likely have cardiac disease diagnoses, which have already been included in the model. Their acute clinical presentation and severity would have been largely taken into account with ALaRMS. As further evidence, the high c-statistic of our model (ranged from 0.90 to 0.91, nearly identical for medical and surgical patients) indicated excellent predictive ability for both medical and surgical patients in our sensitivity analysis.
Significance of the study
The data derived from an EHR typically covers many broad domains. Numeric laboratory data are objective and quantitative in nature, which are desirable features in predictive modeling. The objective nature ensures the data reliability and reproducibility. The quantitative nature enables precise estimation of the graded relationship of the degree of physiologic derangement and the risk of inpatient mortality. Furthermore, numeric laboratory data are perhaps most scalable among all EHR domains due to the objective and quantitative nature. While the health informatics field has devoted considerable effort to extract data from free text reports or expensive but infrequently used tests, it is worthwhile to examine the utility of the most commonly measured, most scalable, and perhaps the least expensive data domains. This is particularly true in regard to real-time decision support and outcome studies, which often require a large scale implementation at a low cost.
CONCLUSIONS
Admission laboratory physiologic data captured in the hospital EHR systems provide objective, precise, and parsimonious assessment of acute clinical severity and are highly predictive of inpatient mortality risk in hospitalized adult patients. Relying only on data available at the time of admission, ALaRMS may have utility in aiding real-time disease management. Incorporating AHRQ's standardized clinical classification systems (CCS and CS) further improves model predictive power and facilitates public access to the risk adjustment algorithms. Using a completely automated EHR dataset available on admission, ALaRMS can be implemented for real-time decision support. The full model incorporating CCS and CS may be costefficient to implement for large-scale retrospective studies on inpatient outcomes. These would represent meaningful use of health information technology.
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